Background. Extensive evidence documents geographic variation in spending, but limited research assesses geographic variation in quality, particularly among commercially insured enrollees. Objective. To measure geographic variation in quality measures, correlation among measures, and correlation between measures and spending for commercially insured enrollees. Data Source. Administrative claims from the 2007-2009 Truven MarketScan database. Methods. We calculated variation in, and correlations among, 10 quality measures across 306 Hospital Referral Regions (HRRs), adjusting for beneficiary traits and sample size differences. Further, we created a quality index and correlated it with spending. Results. The coefficient of variation of HRR-level performance ranged from 0.04 to 0.38. Correlations among quality measures generally ranged from 0.2 to 0.5. Quality was modestly positively related to spending. Conclusion. Quality varied across HRRs and there was only a modest geographic "quality footprint."
Just as variation in spending may highlight opportunities to save money, variation in quality may highlight opportunities to improve care. The quality variation literature generally focuses on Medicare or the total population (Fisher et al. 2003a; Baicker and Chandra 2004a; Baicker, Buckles, and Chandra 2006; Jones et al. 2012; Radley et al. 2012; Tsai et al. 2013) . Considerable (though not all) research suggests that variation in Medicare may not generalize to the commercial population (Chernew et al. 2010; Franzini, Mikhail, and Skinner 2010; Franzini et al. 2011 Franzini et al. , 2015 . Therefore, it may also be the case that quality patterns in Medicare may not be generalizable to the commercial population.
Understanding variation in quality provided to the commercial population is important for a number of reasons. First, given the reliance of the Affordable Care Act on private insurers to cover large segments of the population and recognition that quality is not uniformly high, we believe it is important to examine variation in the quality of care provided to the millions of commercially insured individuals in order to provide insight regarding the potential magnitude of quality deficits. Second, health plans are commonly held accountable for their performance on quality metrics. Yet these metrics likely reflect the performance of the providers in their network and therefore may reflect the markets they serve. Measures of health plan quality performance are typically not adjusted for the geographic distribution of their enrollees. The extent of geographic variation in quality may speak to the importance of this lack of geographic adjustment on a plan's measured performance. Third, the relationship between quality and spending reflects potential inefficiency in the health care system. If higher commercial spending (due to either inefficient utilization or high prices) is not correlated with quality, it suggests inefficiency in the commercial segment. We know from other work that such inefficiency exists in the Medicare market (Fisher et al. 2003b; Baicker and Chandra 2004b; Congressional Budget Office 2008; Landrum et al. 2008; Hassett, Neville, and Weeks 2014) , but given the reliance of health reform on commercial markets, comparable analysis in the commercial market is important.
In this research brief, we study geographic variation in 10 commonly used process and outcome quality measures and examine the tendency for areas with high quality scores in one measure to have high quality scores in another. In order to highlight potential inefficiencies in the commercial sector, we also explore the correlation between total health care spending and quality performance in 10 measures across these geographic areas.
METHODS

Data/Sample
We analyzed administrative claims data from over 41 million employees and their dependents between age 18 and 65 enrolled at some point in the period between 2007 and 2009 using the Truven Health MarketScan Commercial Claims and Encounters Database. The data are comprised of commercial hospital, physician, and drug claims with their associated spending amounts, as well as procedure and diagnosis codes. These data encompass over 150 large private employers and health plans and include a range of utilization and demographic information.
Variables
We constructed 10 quality metrics that can be measured using data from administrative claims. These encompass outcome measures as well as process measures. The measures were selected because they are frequently used in quality measurement and are often tied to pay-for-performance programs (Virnig et al. 2002; Zhang, Baicker, and Newhouse 2010) . The outcome measures include 30-day readmission following an inpatient admission as well as two prevention quality indicators (PQIs) (e.g., ambulatory care sensitive hospitalizations for acute and chronic conditions) endorsed by the Agency for Health care Research and Quality (Davies et al. 2001 ; National Quality Measures Clearinghouse 2013). For PQI conditions, which are relatively rare within the commercial and under-65 population, composite measures were created and designed to include enrollees admitted for any of the indicated acute and chronic conditions.
We also constructed six Healthcare Effectiveness Data and Information Set (HEDIS) process measures including (1) mammography screening within the last 2 years among women ages 42-65; (2) disease-modifying antirheumatic drugs (DMARDs) treatment for rheumatoid arthritis; (3) use of bronchodilator within 30 days of chronic obstructive pulmonary disease (COPD) diagnosis; (4) major depression prescription treatment management and adherence; (5) annual hemoglobin A1c testing among patients with diabetes; and (6) avoidance of imaging for patients with lower back pain (National Committee for Quality Assurance [NCQA] 2012). Lastly, an indicator was constructed for the appropriate use of antibiotic prescriptions for bacterial pneumonia based on the Physician Consortium for Performance Improvement (PCPI) guidelines (American Medical Association [AMA] 2012). Continuous enrollment throughout measure-specific periods was required to ensure completeness of recorded measures. For instance, to be included in the mammography cohort, an enrollee was required to have at least 2 years of continuous enrollment and was only eligible once within the 3-year window. For measures based on follow-up to a specific event, such as a readmission, diagnosis of back pain, and diagnosis of COPD, continuous enrollment was only required during the relevant follow-up period.
Spending included actual paid amounts for services and was measured by aggregating all hospital, physician, and drug claims. We obtained Hospital Referral Regions (HRR) level risk-adjusted spending, including adjustments for input price, age, sex, and health status, following methods described in the Institute of Medicine (IOM) report on geographic variation (IOM 2013). Our final spending measure is an HRR-level average, calculated per beneficiary per year, with adjustments for enrollees with partial-year enrollment.
We adjust for variation in input prices using the Hospital Wage Index for inpatient facility claims and the Geographic Practice Cost Indices for outpatient and physician claims (Melnick and Keeler 2007) . Health status was evaluated based on the enrollees' prior-year diagnostic-cost-group (DxCG) risk score. The DxCG risk score, commonly used by private payers as a riskadjustment tool, calculates enrollee health status using demographic characteristics, claims, and enrollment information as well as diagnoses (DxCG RiskSmart Stand Alone Software 2013). This system is similar to the Hierarchical Condition Categories used by Medicare (Pope et al. 2004) .
For enrollees with missing data from the prior year (29.7 percent of enrollee/years), DxCG imputation was performed using the average scores among enrollees with available information adjusted based on age and sex. Earlier work for the IOM found estimates of geographic variation in spending results insensitive to inclusion of case mix measures (Harvard University 2012), suggesting case mix would not have a large effect on quality measures related to spending (e.g., readmissions). We used the HRRs to define geographic regions. 
Statistical Methods
Our approach follows that outlined by the IOM committee study on Geographic Variation in Health Care Spending and Promotion of High-Value Care (IOM 2013) . Specifically, we use a two-stage approach to measure variation. In the first stage, we estimated average effects for each HRR. For PCPI and HEDIS measures, which are restricted to certain populations, we computed average performance without risk-adjustment by calculating the proportion of enrollees who met the criteria over the total number of enrollees who qualified for that measure (e.g., women between 40 and 65 years that obtained a mammogram/women between 40 and 65 years). For the PQI composites and 30-day readmissions, which are not restricted to specific populations, we obtained risk-adjusted averages using logistic regression models controlling for age (treated as 5-year categorical bands), sex, age/sex interaction, and enrollee's prior year DxCG score. The residuals from the logistic regression models were then averaged at each HRR for PQIs and 30-day readmissions to obtain HRR-level adjusted quality measures. This method is almost identical to using HRR-level fixed effects, but it is much less computationally burdensome. We used a second stage of analysis because the observed HRR-level effects reflect both true variation and sampling variability, and therefore variation in the mean HRR-level performance would yield an overestimate of the true variation. The noise increases for smaller HRRs and measures applied to smaller populations. To address this problem, we fit hierarchical or random effects models that included HRR-specific random effects to estimate the variance in performance across HRRs. Because all of the quality indicators are binary, we fit logistic regression models and then converted variance estimates from the log-odds to probability scale (Goldstein, Browne, and Rasbash 2002) .
Similarly, we estimated pairwise correlations of the HRR-level quality indicators to one another using a multivariate hierarchical model that included correlated random intercepts for each measure. To adjust for multiple comparisons, a Bonferroni correction was made to obtain an overall type I error of 0.05. Individual tests were determined significant at the a = .001 level.
We also performed a factor analysis to summarize the 10 quality measures and identify potential latent factors using the estimated correlation matrix with reliability-adjusted correlations. Reliabilities were calculated using the variance estimates of the random effects models and the average Geographic Variation in Quality of Caresample sizes across HRRs for each measure. Factors were generated using the principal factor method, and the number of factors kept was determined based on the eigenvalues ≥1 criteria. Standardized factor scores were generated for each HRR and were correlated with risk-adjusted total health care spending. Finally, we ran a simple linear model regressing factor scores on total spending.
RESULTS
Over 35.5 million enrollees met the criteria for at least one of the 10 measures. The mean performance differed substantially from measure to measure. Across the 306 HRRs, the mean performance on two process measures (DMARD treatment for rheumatoid arthritis and yearly hemoglobin A1c test for patient with diabetes) was over 85 percent. However, four of the seven process measures (HEDIS and PCPI) had mean performances below 75 percent (Table 1) .
Similarly, the variation in performance across HRRs depended on the measure. For instance, acute and chronic PQIs varied considerably across HRRs, with coefficients of variation (CV) of 0.38 and 0.34, respectively. However, there was less variation in the HEDIS and PCPI measures, with CVs ranging from 0.04 (DMARD treatment for rheumatoid arthritis) to 0.09 (depression treatment and avoidance of lower back imaging for patients with lower back pain). The CV was 0.08 for 30-day readmission. Table 2 describes the pairwise correlations between each quality measure. Of the 45 pairwise correlations, 25 had statistically significant positive correlations with correlations ranging between 0.21 (i.e., hemoglobin A1c testing for enrollees with diabetes and antibiotic treatment for bacterial pneumonia) and 0.85 (i.e., acute and chronic PQI composite measures). Unexpectedly, increased hemoglobin A1c testing was correlated with higher rates of avoidable PQI acute admissions (q = À.19, p < .001).
One factor was retained from the factor analysis, and this factor accounted for 29.6 percent of the total variation across the 10 measures. The Cronbach's alpha (a measure of how well a set of variables measures a single, one-dimensional latent aspect such as quality) estimate of 0.72 suggested coherence across the quality measures. Factor loadings (Table 3) indicated that the chronic and acute PQI composite measures were strongly correlated with the factor (loadings of 0.74 and 0.81, respectively). Hemoglobin A1c testing and 30-day readmissions showed weak correlations with the factor (loadings of 0.10 and 0.06, respectively). Finally, there were statistically significant, though modest, positive correlations between standardized factor scores and area-level spending q = .21, p < .001) (Figure 1) . The estimates imply a Notes. 
DISCUSSION
Consistent with evidence from Medicare, we find significant variation in quality for the commercially insured. Moreover, we find that areas have a weak "quality footprint"; areas that perform better than average on a given measure often perform better on others, although the correlation was generally modest. Our results show considerably greater geographic variation in the 30-day readmissions measure and the chronic and acute PQI measures than in the HEDIS and PCPI process measures. Given our study design, any explanation of this pattern would be speculative. It may be that a wider array of forces influences these broader outcomes, creating greater variation. In fact, evidence suggests that variation in socioeconomic factors may explain some variation in readmission rates (Kind et al. 2014; Barnett, Hsu, and McWilliams 2015; Sheingold, Zuckerman, and Shartzer 2016) . Our work has several limitations. First, quality measures based on administrative data are imperfect, as they cover limited clinical areas and are unable to account for enrollees who leave the database, possibly missing nonrandom attrition. Second, we do not observe specific providers or plans so we cannot attribute variation to specific organizations. Third, we use MarketScan, which is a large convenience sample of commercially insured individuals and may differ from the entire commercial population. Variation in patient and market characteristics that are not captured in the MarketScan data may contribute to the variation we report in this study. Additionally, the geographic coverage of MarketScan includes data from only one-quarter to one-fifth of all U.S. counties. However, approximately 70 percent of the U.S. population live in these counties, which are broadly representative of the country as a whole (Baker, Bundorf, and Kessler 2014) . Our study has several strengths including a large geographically diverse population, capturing over 10 percent of the U.S. population across many health plans and employers. Additionally, it evaluates the commercially insured, a population that has not been thoroughly studied in the past. By focusing on disease cohorts, we reduce (but do not eliminate) concern about unmeasured health status. Finally, by using hierarchical models, we address concerns that sample size limitations could inflate measured variation.
Geographic variation in practice patterns continues to attract considerable interest. Much of the attention has focused on spending and much has focused on the Medicare population. This analysis extends that work, looking at variation in quality provided to a commercially insured population. We find evidence of meaningful variation and a modest geographic footprint. This finding, if generalizable across populations, has ramifications for pay-forperformance programs. For example, assuming that much of the geographic variation is due to variation in provider performance, plans in lower performing geographies will have to devote more resources to obtain higher quality indicator scores than those in high-performing areas.
Overall, geographic variation research has been influential because it highlights potential inefficiencies in the health care sector and may illustrate the importance of geographic adjustments when evaluating health plan quality. Quality is an important aspect of this analysis, and quality variation in the commercial sector has been understudied. Like the other work in this literature, our paper only provides a broad sense of practice pattern differences. It can motivate attention but does not point to particular solutions. Other research will be needed to understand this variation and develop strategies to improve results in lower performing providers, and hence lower performing areas.
